We evaluate the impact of patient cost sharing on the use of dentures and subjective chewing ability exploiting a sharp reduction in the coinsurance rate, the percentage of costs born by the user, from 30% to 10% at the age of 70 with a regression discontinuity design. Using data from the Japanese Study of Aging and Retirement (JSTAR), we find that the utilization rate of dentures increases from approximately 50% to 63% around the threshold, implying that the extensive margin elasticity of denture usage with respect to the coinsurance rate is about -0.41. In addition, we find this jump is almost entirely due to the change in the rate among women. On the other hand, we do not find a significant improvement in self-reported chewing ability, although chewing ability may not be the only social benefit from dentures. Our empirical findings are also confirmed by complementary analysis with randomization tests and placebo randomization tests.
Introduction
There is a rapidly increasing body of literature on the impact of the introduction of health insurance on healthcare utilization and health.
1 On the other hand, the impact of patient cost sharing on these outcomes has not been explored sufficiently (Baicker and Goldman 2011) . In particular, there is limited evidence on the effects of patient cost sharing on dental care utilization and dental health outcomes, although there are some notable exceptions such as Hay et al. (1982) , Manning et al. (1985; 1986) , Mueller and Monheit (1988) , Ikenwilo (2013) and Meyerhoefer et al. (2014) .
To the best of our knowledge, no experimental studies have investigated both the impact of health insurance introduction and the impact of patient cost sharing among the elderly population in the field of dental care and dental health, despite increasing dental care expenditures due to rapid ageing. For instance, two important health insurance experiments that exploit randomization (RAND Health Insurance Experiment and Oregon Health Insurance Experiment, hereafter RAND HIE and Oregon HIE) excluded dental care utilization among the elderly from their investigations.
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When it comes to quasi-experimental studies, some studies focus on the impact of health insurance coverage on dental care utilization among children and adolescents (Wang et al. 2007 ), working-age individuals (Choi 2011) and the elderly population (Kreider et al. 2014) . The impact of cost sharing, however, has not been studied and it may be different from the impact of the insurance coverage itself. For a review of the impact of insurance coverage on dental care utilization, see also the literature introduced in Meyerhoefer et al. (2014) . This paper investigates the impact of an exogenous reduction in cost sharing on the utilization of dentures. More concretely, we exploit a discontinuous reduction in 1 In addition to the literature referred to in Levy and Meltzer (2008) , the recent expansion of universal coverage in Massachusetts and Oregon HIE have given rise to further literature. On the Massachusetts Health Care reform, the results show significant improvement of health in both subjective measure (Courtemanche and Zapata 2014) and objective measures such as mortality (Sommers et al. 2014) . On the other hand, the results from Oregon HIE are quite different. Finkelstein et al. (2012) observed better selfreported physical and mental health, but their later paper shows there is no improvement in objective health indicators such as blood pressure (Baicker et al. 2013) .
2 RAND HIE excluded the elderly population (Newhouse 1993) , while dental utilization among adults is studied. In Oregon HIE, vision and nonemergency dental care were not covered (Finkelstein et al. 2012 ).
the coinsurance rate, which is the ratio of patient cost sharing to total cost, at the age of 70 in the Japanese public health insurance system. One reason denture utilization is worth investigating is that denture treatment is one of the most common dental services among the elderly population in developed countries. For example, Petersen and Yamamoto (2005) summarize the previous literature and point out that from one-third to half of all elderly people wear full dentures and up to threequarters wear removable full or partial dentures in some developed countries. In Japan, according to MHLW (2011) , an official survey of the Ministry of Health, Labour and Welfare (MHLW), 41.9% of people aged 70 to 74 wear partial dentures and 24.3% wear full dentures. Matsuyama et al. (2014) report that two-thirds of elderly respondents who have 19 or fewer teeth wear dentures.
3 Nonetheless, there have been few economic studies on the relationship between public health insurance and denture utilization. Because Japanese public health insurance covers dentures for all elderly people but with different patient cost sharing settings, our study can provide unique evidence on this topic.
In addition to such a high utilization rate among the elderly, there is another reason that the demand for dentures is worth investigating. Wearing a denture is a dental care service that is generally specific to the elderly population (i.e. children and working-age adults seldom wear dentures). This suggests the results from previous studies that focus on the dental care utilization among children and the working-age population cannot be directly applied to the demand for dentures. In particular, the results from RAND HIE constitute a fundamental contribution to our understanding of the impact of cost sharing on dental care utilization, but they may not be necessarily relevant to the demand for restorative dental care such as dentures since RAND HIE excludes the elderly population.
To explore the causal effect of patient cost sharing on denture utilization, we utilize a regression discontinuity (RD) design that exploits the sharp reduction of the coinsurance rate from 30% to 10% at the age of 70 years in Japanese public health insurance and takes age in months as an assignment variable. Our institutional settings and identification strategy are for the most part the same as those employed by Shigeoka (2014a) , although he does not investigate the impact on dental care utilization and oral health. Nishi et al. (2012) also adopt a similar RD design to estimate the effect of reduced cost sharing on out-of-pocket medical spending and physical and mental health, although their assignment variable is age in years, not months. We also conduct additional statistical tests based on randomization inference following Cattaneo et al. (2014) in order to take into account a relatively small sample size.
Our findings can be summarized in three points. First, we find a significant jump in the utilization rate of dentures at the age of 70. The central estimate from RD estimation implies that the probability of wearing dentures increases by 13% just after becoming 70 years old. Since the average utilization rate before age 70 is around 50%, the implied elasticity of denture utilization with respect to the coinsurance rate is approximately -0.41, which is twice as large as the price elasticity of outpatient visits at the same threshold presented by Shigeoka (2014a) . Second, we find that responses to cost sharing are considerably heterogeneous across gender: the elasticity of denture utilization with respect to the reduction of the coinsurance rate is high for women but close to zero for men. This result is consistent with the finding of Manning and Phelps (1979) who show the price elasticity of dental care among white adults is higher in women than in men. Third, we investigate the impact of patient cost sharing on self-reported chewing ability 4 , but find no evidence that reduced cost sharing improves it. Given that one of the primary objectives of wearing dentures is the improvement of chewing ability (Japan Prosthodontic Society 5 ), this could be an appropriate outcome to evaluate the benefit of reduced cost sharing for dentures. On the other hand, it should be noted that the chewing ability is not the sole benefit of dentures. Improvement of pronunciation and facial expression can also be important outcomes. Without exploring effects on these outcomes, the overall costs and benefits of reduced cost sharing for dentures remain unclear. This paper is organized as follows. In the next section we conduct a short review of prior literature on the impact of patient cost sharing on dental care utilization and describe denture utilization and relevant institutional settings in Japan. In Section 3 we explain our identification strategy and data. In Section 4 we present estimation results and several robustness checks. In Section 5 we state our conclusions.
Background

Cost sharing and dental care
One of the most important contributions to understanding the relationship between patient cost sharing and dental care is that of the RAND HIE. Manning et al. (1986) summarize the probability of dental care utilization under four alternative insurance plans and show how health insurance affects dental care utilization. Numerically, the probability of utilization was 68.8% under a free care plan and 48.3% under a 95% coinsurance rate plan. Since the assignment of each insurance plan was random, the differences in the utilization rate can be interpreted as the causal effect of the extent and nature of health insurance coverage. Importantly, Manning et al. (1986) also argue that most of the differences in response to differing insurance plans can be attributed to a differential response between a 25% plan and a free plan because large differences are not observed between other plans. This finding implies that dental care utilization is not elastic with respect to patient cost sharing, but elastic with respect to to insurance coverage. Sintonen and Linnosmaa (2000) review non-experimental studies on dental care and conclude that estimated price elasticities are broadly consistent with expectations 6 . Among these studies, Mueller and Monheit (1988) present similar results to those of the RAND HIE. Using nationally representative data in the United States, Mueller and Monheit (1988) suggest that patient response to the extent of coverage is smaller than patient response to the presence or absence of insurance coverage. Meyerhoefer et al. (2014) also reach the same conclusion: Using the [2001] [2002] [2003] [2004] [2005] [2006] Medical Expenditure Panel Survey, they find that dental coverage significantly increased the probability of using preventive care by 19% and the probability of using restorative services by 11% to 16%, whereas these forms of dental care utilization were not sensitive to out-of-pocket costs determined by insurance eligibility. These studies, however, are likely to derive biased estimates since they do not exploit experimental or quasi-experimental research designs. Although Meyerhoefer et al. (2014) rely on a correlated random effects (CRE) model to address a variety of potential measurement errors 7 , they also mention that these biases cannot be ruled out if the measurement error process is not time-invariant. On the other hand, a recent quasi-experimental study suggests that dental care utilization is responsive to patient copayment: Ikenwilo (2013) presents differencein-differences analysis on the impact of free dental checkups in Scotland in 2006 using the rest of the UK as a control group 8 , showing that the abolition of user fees led to a modest increase in preventive dental care utilization among the adult population. 9 In addition, some quasi-experimental studies indicate that increased
Medicaid fees improve access to dental care services among children via increased dentist participation in Medicaid (e.g. Eklund et al. 2003; Hughes et al. 2005; Decker 2011; Buchmueller et al. 2015) . Buchmueller et al. (2014) also find that the expansion of Medicaid dental coverage for adults causes an increase in dentists' participation in Medicaid and an increase in the supply of services to publicly insured patients. These studies suggest that the reduction in non-monetary cost (i.e. improved accessibility to dentists who accept Medicaid patients) also increases dental care utilization.
Denture utilization in Japan
In Japan, a national-level public health insurance system allows everyone to receive dental care with relatively low out-of-pocket costs. Among the OECD countries, Japan seems to have one of the most accessible systems when it comes to the provision of dental care services. This is because Japanese public health insurance offers the same coinsurance rate for the utilization of dental care services as for the utilization of other healthcare services, while many countries restrict the coverage for dental care services. As a result of such a generous policy, the utilization rate of dental care services in Japan is extraordinarily high. The number of dentist consultations per capita in Japan was highest in the OECD countries 10 and out-of-pocket dental expenditure per capita was only half of the OECD average (OECD 2011) . The public health insurance also covers the utilization of dentures. Under the universal fee schedule set by the national government that determines the official reimbursement prices paid by insurers to medical facilities, the amount of reimbursement for complete dentures throughout Japan was 21,000 JPY in 2014.
11 Of the total healthcare costs for denture treatment, patients have to bear between 10% and 30% depending on their age and household income. Unlike the United States, out-of-pocket costs do not vary among the types of health insurance, although public health insurance in Japan is deeply fragmented. 12 In addition, if the amount of out-of-pocket expenditure reaches a certain amount, patients, in principle, do not have to pay any further under a stop-loss scheme.
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Public assistance and a program for people with disabilities are the two exceptions to this patient cost sharing system. First, there is no out-of-pocket cost for dentures for those who receive public assistance. Empirically, Matsuyama et al. (2014) find the eligibility for public assistance may increase the probability of wearing dentures, showing the utilization rate of dentures is higher among elderly people in the lowest income group than in the other income groups. In addition, co-payment for dental care is often reduced for the disabled through programs implemented by the national and local governments, although there is large regional variance in the generosity of local programs. For instance, out-of-pocket cost for dental care is quite low for people with disabilities in some localities such as Tokyo prefecture, as a result of special medical care subsidies given to eligible individuals.
Under these multi-layered programs, the elderly population in Japan can generally obtain dentures without significant financial constraint. Ueno et al. (2008) confirm that the number of natural teeth declines according to age, but the number of total functional teeth that include dentures remains stable because the number of artificial teeth on removable prostheses increases with age. Ueno et al. (2012) find no difference in the number of total functional tooth units (total-FTUs 14 ) across ed-11 One JPY is approximately 0.012 USD at the end of 2014. For partial dentures, the amounts of reimbursement varies from 5600 JPY to 13400 JPY based on the number of dentures.
12 There are over 3000 health insurance providers, but the benefit packages are almost the same. For a further explanation of the public health insurance system in Japan, see Ikegami et al. (2011) .
13 Stop-loss in Japan is monthly, not yearly. 14 Total-FTUs is defined as the number of pairs of opposing natural teeth and artifi-ucational attainment, whereas the number of natural teeth is considerably lower in adults of low educational attainment. Interpreting these findings, Ueno et al. (2012) conclude "In fact, any Japanese person can afford to have dentures made regardless of their SES, because it is relatively inexpensive under the Japanese universal public health insurance system".
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2.3 Reduction of cost sharing at age 70
In Japan, the coinsurance rate for the enrollees of public health insurance before age 70 is 30% if they are not eligible for additional subsidies from central or local governments. However, this rate sharply decreases to 10% after the individual's 70th birthday in the most cases. Table 1 summarizes the system of patient cost sharing for outpatient care during our sample period. 16 It shows that more than 90% of elderly people are exposed to this sharp reduction in the coinsurance rate. There are, however, two institutional complications. First, the coinsurance rate remains 30% for those with high incomes and we cannot exclude this group from our sample due to the lack of precise taxable income information in our dataset. We nonetheless argue that the percentage of the total population aged 70-74 in the high-income category is relatively low (8.7% in 2010) and this problem should not seriously affect our estimates. We will discuss this problem further in Section 3.
Second, there are income-based monthly stop-losses as is shown in Table 1 .
17
The stop-loss scheme drastically decreases out-of-pocket expenditures for patients with high healthcare costs because the marginal increase in cost sharing is almost zero once out-of-pocket expenditures exceed their stop-loss level. The stop-loss cial teeth on implant-supported, fixed, and/or removable prostheses in posterior teeth occlusion (Ueno et al. 2012) . 15 Matsuyama et al. (2014) report that people in the low-income population excluding welfare recipients are less likely to wear dentures even if they do not have a sufficient number of natural teeth, although this can be attributed to confounding factors other than low income. 16 Although not relevant to our research because we use a sample of elderly people aged 70-74, the cost sharing scheme presented in Table 1 is to a large extent unchanged for the elderly aged 75 or more. However, health insurance coverage for the population over age 75 is integrated into a different scheme called Latter-Stage Elderly Healthcare System (LSEHS). In addition, since April 2014, the coinsurance rate for the age of 70 years and over with middle-or low-incomes has increased from 10% to 20%, but this increase only applies to those who had not already turned 70 when the change went into effect.
17 Monthly stop-losses in Table 1 scheme, however, should not pose a serious problem in our identification strategy because out-of-pocket costs for publicly insured dentures in general do not exceed such limits even for those with low-incomes with the lowest stop-loss.
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3 Estimation and data
Identification strategy
Following Shigeoka (2014a), we exploit a discontinuous change in the coinsurance rate at the age of 70 in order to identify the effect of reduced cost sharing on denture usage. As is explained in Section 2.2, there is a sharp reduction in the coinsurance rate from 30% to 10% at the age of 70 in our sample period. This is an exogenous variation that is not manipulable by the elderly around this threshold. Fortunately, there are no other clear institutional thresholds that could generate confounding discontinuities at age 70. People right around this threshold can thus for the most part be viewed as if they had been randomly assigned to two systems with different of coinsurance rates. Our estimation equation, which is also akin to the equation in Shigeoka (2014a) , is a standard regression discontinuity (RD) model:
where Y i is an indicator variable that takes the value one if individual i uses a denture and otherwise zero, D i is a treatment dummy variable that takes the value one if the age of individual i is 70 or over 70. f (V i ) is a continuous function of the standardized age in months V i . V i is calculated as the age in months minus 840 months (70×12 months) and serves as an assignment (or running) variable in our RD design. X i is a vector of pre-determined covariates and ε i is an error term. β is our parameter of interest, that is, the causal effect of the reduction in the coinsurance rate on the probability of denture utilization. If the assumption of local randomization around the threshold is plausible, we do not need to include covariates X i in our model in order to obtain an unbiased estimate of β. We can thus use X i for an indirect check of our identifying assumption as well as the improvement of precision (Lee and Lemieux 2010) . When it comes to the continuous function f (V i ), we use a polynomial whose functional form is allowed to change before and after the threshold while imposing continuity at the threshold.
, where P is the order of polynomial and θ 0p and θ 1p are the coefficients of polynomial terms.
We also use several different bandwidths to limit the sample around the threshold. As Hahn et al. (2001) suggest, linear RD estimation with a small bandwidth is most preferable if the sample size is sufficiently large around the threshold. Gelman and Imbens (2014) also argue that higher-order polynomials such as third, fourth and higher should not be used in RD designs. In line with these recommendations, we in general prefer RD estimates based on a linear or quadratic polynomial and a smaller bandwidth, but we also provide several combinations of a bandwidth and a polynomial and examine how robustly estimation results hold up against different choices of bandwidth and polynomial. In addition, due to the discreteness and limited range of our assignment variable, we do not use the methods of selecting optimal bandwidth in RD estimation proposed by Imbens and Kalyanaraman (2012) and Calonico et al. (2014) . That is, because our assignment variable is age in months and this variable consists of only 120 discrete values (780 to 899 or age 65 to age 74) at maximum, we prefer to provide RD estimates with varying bandwidths rather than to present a single RD estimate with an "optimal" bandwidth based on additional assumptions. Akaike Information Criteria (AIC) is presented in baseline estimation results for reference, but in line with the argument made by Gelman and Imbens (2014) we do not choose the "best" polynomial form based on AIC.
For the calculation of standard errors, as Lee and Card (2008) point out, the conventional standard errors that do not take into account the discreteness of the assignment variable tend to overstate the precision of the estimates. We therefore follow their recommendation and use standard errors that are clustered by age in months.
Finally, even if people around the age-70 threshold cannot manipulate their assignment of the two coinsurance rates, there is some possibility that people just before the age of 70 years are aware of the reduction of their coinsurance rate in the near future and refrain from buying dentures before they become 70 years old. This behavior may result in overestimation (or underestimation) of a true causal effect (Lee and Lemieux 2010; Shigeoka 2014a) . Although dentures are a kind of "health stock" and people do not have to purchase them frequently 19 , there is still some possibility that people with broken dentures refrain from buying a new one until they reach the age of 70. In graphical analysis and robustness checks, we investigate this issue by examining the distribution of the denture utilization rate around the threshold and by presenting "donut-RD" estimates (Barreca et al. 2011) , which are obtained by dropping possibly noisy observations around the threshold and then recovering their counterfactual distributions by extrapolation.
Randomization inference
There is another concern about statistical significance tests with RD designs. Because the sample size in our study is relatively small around the threshold, we also use randomization inference based on the approach proposed by Cattaneo et al. (2014) . Building on Rosenbaum (2002; 2010) , Cattaneo et al. (2014) propose a randomization test for RD designs where the assumption of local randomization is straightforwardly applied to a subsample around a threshold. First we assume that observations around a certain neighborhood of the threshold can be seen as having been randomly allocated to the left or right side of the threshold. In other words, we assume that the coinsurance rates of 10% and 30% are randomly assigned to observations in this subsample. We then want to know whether the standard difference-in-means estimatorβ =Ȳ i:
In a simple randomization test, we can make the distribution of a test statistic
with observations in this subsample, where the assignment vector W indicates which observations are labeled as "treated" (W i = 1) and "untreated" (W i = 0) in the calculation of a test statistic.
20 In a conventional randomization test, we can deduce the exact distribution of T (W, Y) by calculating T (W, Y) with all possible combinations of W i in the assignment vector W with a known assignment mechanism. We then test the statisticβ with the distribution of T (W, Y) under the sharp null hypothesis of no effect. A key presumption for this test is that a researcher knows, or at least can estimate, an actual assignment mechanism and can reasonably infer the distribution of test statistics that could have been realized under alternative treatment assignments. Although we do not know the actual probability distribution of W, following Cattaneo et al. (2014) , we can assume that the probability of being treated for each unit within a certain bandwidth around the threshold is approximately equal to the proportion of the treated within this bandwidth. In practice, we simply set the numbers of the treated (W i = 1) and untreated (W i = 1) in each draw equal to the numbers of the actual treated and untreated.
In addition, due to a large number of possible permutations in our application, we use Monte Carlo approximation to compute P-values under randomization inference. That is, a one-sided P-value can be approximated as follows:
where W j denotes the jth draw of random treatment assignment based on the assumed assignment mechanism, I is the indicator function that is one if T (W j , Y) ≥ β and otherwise zero, and M is the total number of random draws for the approximation of the distribution. We set M at 10,000. In the following analysis, we test the sharp null hypothesis of no effect and therefore we use a two-sided P-value, that is 2 × P .
Data
The data we use are from Japanese Study of Aging and Retirement (hereafter "JSTAR"), which is a longitudinal survey of middle-aged and elderly populations in Japan. Many questions in JSTAR are comparable with those in the Health and Retirement Study (HRS) in the United States and the Survey on Health, Aging and Retirement in Europe (SHARE) in the EU. We use the question on the current utilization of dentures and create a binary variable that takes one if a respondent was using a denture at the time of the survey. By the definition of this outcome variable, we consider the extensive margin of denture usage (whether or not a denture is used), in this study. JSTAR was launched in 2007 by the Research Institute of Economy, Trand and Industry (RIETI) and Hitotsubashi University and has been repeated every two years. We pool all of the data from 2007, 2009 and 2011. To focus on the marginal change of utilization rate at the age of 70, the elderly population of those aged 65 to 74 is included. In addition, 75 enrollees in Latter-Stage Elderly Healthcare System (LSEHS) are excluded because those who enrolled in LSEHS before age 75 can be people with a disability who are eligible for special subsidies for healthcare utilization provided by local governments. Recipients of public assistance are also excluded.
We cannot, however, exclude those who earn high incomes regardless of the fact that the high-income elderly pay the 30% coinsurance rate even after their 70th birthday due to a lack of precise registered income information in JSTAR. RD estimates derived from the whole sample may therefore underestimate the impact of the reduction in the coinsurance rate at age 70 due to the inclusion of these high-income elderly people. The problem of underestimation, however, should not be serious because the share of elderly people in the high-income category can be assumed to be low in our sample, as is suggested in Section 2.3. Even in the worst case, the absolute value of our estimate can be interpreted as a lower bound on a true effect.
Finally, some observations in JSTAR are from the Tohoku region where some respondents might have been affected by the Great Earthquake and Tsunami in March 2011 and subsequently disseminated public medical care assistance. However, we cannot exclude such observations because the security policy of JSTAR prevents us from obtaining residential information for each individual. Table 2 shows the descriptive statistics of the outcome variables and basic covariates in our sample. The resulting number of observations is 4047 and the sample consists of data collected in 2007 (33%), in 2009 (41%), and 2001 (26%). 54% of the individuals observed wear dentures and the average age in months is 838 (69 years and 10 months). The ratio of women is 50%. Education levels are categorized into three strata where 38% are junior high school graduates or less, 51% are high school, specialized training school or junior college graduates, and 11% are university graduates. 83% of the individuals observed are married and the average number of children is 2.1. See also Appendix A for additional covariates that I will use for preliminary checks and robustness checks. I do not use these covariates in baseline analysis because the inclusion of these covariates further reduces the sample size.
It is also noteworthy that the data collection periods of JSTAR differ by "wave". Data in the first wave (2007) were collected over three months between January 2007 and March 2007, but data in the second wave were collected between January 2009 and December 2009. The period of data collection for the third wave was over one year, running from November 2010 to July 2012. Because of these differences in the data collection periods, the age in month of a respondent, which is an assignment variable for our RD estimation, does not closely reflect the seasonality of birth timing. This is an important point for the validity of our RD design since the manipulation of the birth timing around school cutoff date, April 2, potentially violates the local randomization assumption around the threshold at the 70th birth month.
Empirically, Shigeoka (2014b) shows that seasonality of birth timing may reflect unobservable socio-economic characteristics in Japan. 21 When the data collection period of the survey is in a given month or season, this manipulation becomes a serious threat for age-based RD design. For instance, if data in all of the waves were collected in April, those who had just become 70 years old at the time of the survey would have been born in April. In this case, results from age-based RD may strongly reflect the difference in the unobservable characteristics of respondents before and after the threshold. In fact, Shigeoka (2014a) implements various robustness checks in order to address the potential bias from seasonality of birth timing since his study uses the Patient Survey which is conducted in September every 3 years. 22 On the other hand, the study design of JSTAR allows us to believe that this seasonality issue is not serious problem to be addressed in our analysis.
Preliminary analysis
One important assumption for plausible RD designs is that people cannot perfectly manipulate the assignment variable (Lee 2008; Lee and Lemieux 2010) . In Appendix B we provide a figure showing the density distribution of our sample and present the results of a density test based on McCrary (2008) . 23 Both results indicate that the density of observations is continuously distributed around the threshold. This may be partly because age in months at the time of the survey does not reflect respondents' birth month in JSTAR, as is explained previously. In addition, if the assumption of local randomization around the threshold is plausible, any pre-determined covariates should be continuously distributed around the threshold. This supposition can be tested by checking whether the distributions of observed pre-determined covariates have no discontinuity at the threshold. In Appendix C we provide bin-mean plots of baseline covariates mentioned above and additional covariates listed in Appendix A. This graphical representation shows that there is no discontinuity at the threshold for any pre-determined covariates.
Results
Graphical analysis
Before presenting RD estimates, Figure 1 provides some graphical evidence concerning whether or not there is any jump in the denture utilization rate at the threshold. First, Figure 1 -A with the full sample shows a discontinuous increase in the denture utilization rate at the age of 70. Second, if we look at subsamples of men and women, there seems to be no jump at the threshold among men (Figure  1 -B) but a clear jump among women (Figure 1-C) . Third, according to Figure 1 -D, E, and F, there seems to be a discontinuous change at the threshold regardless of education level, although the bin-mean plots are rather unstable due to the small number of observations in each bin. whether or not there is any jump in the denture utilization rate at the threshold. First, Figure 1 -A with the full sample shows a discontinuous increase in the denture utilization rate at the age of 70. Second, if we look at subsamples of men and women, there seems to be no jump at the threshold among men (Figure 1-B) but a clear jump among women (Figure 1-C) . Third, according to Figure 1 -D, E, and F, there seems to be a discontinuous change at the threshold regardless of education level, although the bin-mean plots are rather unstable due to the small number of observations in each bin. 4.2 Effect on denture utilization 4.3 Baseline estimates Table 3 confirms that the intuitive reading of Figure 1 -A is correct: RD estimates are often significantly different from zero regardless of the selection of a bandwidth and a polynomial order and they also do not change considerably when we add pre-determined covariates to the regressors. Although estimates vary depending on the combination of the bandwidth and polynomial order, they mostly fall between 0.1-0.3, implying that the 20% reduction of the coinsurance rate results in around a 10-30% increase in the denture utilization rate. The utilization rate averaged across four months just before the age of 70 is and they also do not change considerably when we add pre-determined covariates to the regressors. Although estimates vary depending on the combination of the bandwidth and polynomial order, they fall between 0.1~0.3, implying that the 20% reduction of the coinsurance rate results in around a 10~30% increase in the denture utilization rate. Notes: ***, **, * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in parentheses and Akaike Information Criterion (AIC) is provided in square brackets. "Covariates" are the same as those listed in Table 2 , but we use dummy variables with respect to the number of children (e.g. a dummy variable that is one in the case of one child) instead of the continuous variable of the number of children.
Effect on denture utilization
Baseline estimates
The utilization rate averaged across four months just before the age of 70 is approximately 50% , so by a back-of-the-envelope calculation we can conclude that the range of the elasticity of denture utilization with respect to the coinsurance rate is from -0.3 to -0.9. Notes: ***, **, and * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in parentheses and Akaike Information Criterion (AIC) is provided in square brackets. "Covariates" are the same as those listed in Table  2 , but we use dummy variables with respect to the number of children (e.g. a dummy variable that is one in the case of one child) instead of the continuous variable of the number of children.
approximately 50%, so by a back-of-the-envelope calculation we can conclude that the range of the elasticity of denture utilization with respect to the coinsurance rate is from -0.3 to -0.9. For our preferred point estimate, we use the point estimate of 0.133, which is obtained by linear RD estimation with the smallest bandwidth of ±6 months and no covariates. 24 The price elasticity is then (0.133/0.485)/(−0.2/0.3) ≈ −0.41, where 0.485 is the quarterly mean denture utilization rate just before the age of 70. This estimated price elasticity is twice as large as the price elasticity of outpatient care among the Japanese elderly population presented in Shigeoka (2014a) . However, it should be noted that the implied elasticity is that of the utilization rate of dentures. In other words, we estimate the impact of patient cost sharing at the extensive margin of whether a person wears a denture or not and the extensive margin elasticity of denture utilization cannot necessarily be directly compared to the intensive margin elasticity of outpatient care. Comparing our results with the RAND HIE, we find a fairy sensitive response to patient cost sharing while the RAND HIE concludes that dental care utilization is sensitive to the introduction of health insurance itself but not very sensitive to the level of patient cost sharing. This inconsistency between results may come from the fact that the studied population and dental care environments in this paper are different from those examined in the RAND HIE.
Estimates by gender
Next, Table 4 shows a surprising contrast in RD estimates between men and women. RD estimates for men are usually not significantly different from zero, whereas RD estimates for women are mostly statistically significant. RD estimates for women are sometimes unrealistically high, in particular when the combination of a higher order polynomial and a smaller bandwidth, a demanding setting for precise estimation, is used. However RD estimates with a minimum AIC within each bandwidth mostly indicate the estimated effect is around 0.1-0.3 and often larger than 0.2.
The differential response by gender observed in this paper is consistent with Manning and Phelps (1979) who show the price elasticity of dental care among white adults is higher among women than among men, although their study design is not experimental. The observed gender gap is also in line with the findings of the epidemiological literature that indicates women are keener to pursue dental care and dental hygiene (Coda Bertea et al. (2007) and the studies listed therein).
In Table D .1 of Appendix D, we further present RD estimates with additional pre-determined covariates listed in Appendix A. The RD estimates tend to be statroduction. Second, it is quite close to RD estimates with higher order polynomials and the largest bandwidth of ±60 months. Third, it is also close to most difference-in-means estimates that are provided in subsection 4.3.
tistically insignificant when the whole sample is used, possibly due to significantly reduced sample sizes in each estimation. However, our RD estimates examining only the women in our sample are robustly statistically significant even though the sample sizes are often very small. This suggests that the discontinuity of denture utilization at the threshold for women is robustly observed and is not driven by the discontinuous changes of covariates around the threshold. Table 4 : RD estimates for the denture utilization rate by gender Table 4 : RD estimates for the denture utilization rate by gender Notes: ***, **, * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in parentheses and Akaike Information Criterion (AIC) is provided in square brackets. "Covariates" are the same as those listed in Table 3 but the covariate of gender dummy is dropped.
Estimates by education level
Finally, RD estimates for the subgroups with different levels of education are presented in Table 5 . Here we provide RD estimates for the sample of women because the significant effect of patient cost sharing is observed only among women in the baseline RD estimation. Estimation results are somewhat unstable and hard to interpret, possibly due to small sample sizes in each estimation. RD estimates, however, are mostly positive and often statistically significant for low and middle education-level women but not significantly different from zero for highly educated women, suggesting that the reduction in the coinsurance rate increases denture utilization among women with low and middle educational attainment but not among highly educated women. It is difficult to confirm this interpretation, however, due to small sample sizes, particularly when it comes to the group of highly educated women.
In Tables D2 and D3 of Appendix D, we provide RD estimates for the subgroups of educational attainment, examining the whole sample (Table D2 ) and only the men in our sample (Table D3) . Overall, Table D2 presents similar results to those in Table 4 with smaller estimates and Notes: ***, **, and * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in parentheses and Akaike Information Criterion (AIC) is provided in square brackets. "Covariates" are the same as those listed in Table  3 but the covariate of gender dummy is dropped.
In Tables D.2 and D.3 of Appendix D, we provide RD estimates for the subgroups of educational attainment, examining the whole sample (Table D. 2) and only the men in our sample (Table D. 3). Overall, Table D .2 presents similar results to those in Table 4 with smaller estimates and Table D .3 suggests that there is no statistically significant effect of patient cost sharing on men across all education levels. Some RD estimates with university degrees are significantly different from zero in both Table D .2 and D.3 when larger bandwidths are used, however, suggesting the possibility that highly educated men are more sensitive to the reduction of cost sharing. Unfortunately, it is hard to examine this possible effect heterogeneity due to the small sample size of this subgroup.
Donut RD and randomization tests 4.6.1 Donut RD
It is possible that some elderly individuals postpone visiting dentists just before reaching the age of 70 in order to receive treatment for dentures with lower outof-pocket costs after they reach the age at which their burden is reduced. The denture utilization rate would then be lower among individuals nearing their 70th birthday than it would be if there were no discontinuity in the coinsurance rate. This "denture utilization postponement" caused by the intertemporal optimization behavior of the elderly may lead to an upward bias in an RD estimate.
On the other hand, the denture utilization rate might also be lower just after age 70 than the corresponding rate in the case of no discontinuity, because it may take some time for the elderly over the age of 70 to visit dentists, ask them to make dentures, and eventually begin wearing dentures.
25 This "denture utilization lag" Notes: ***, **, and * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in parentheses. RD estimates for bandwidths of ±12 and ±6 months are not provided for highly educated women because the sample sizes are too small. "Covariates" are the same ones as in Table 3 but covariates of education dummies are dropped.
may also cause a bias in an RD estimate. These two sources of bias are explained in Figure 2 . In Figure 2 , we present the two trend lines, Trend 1 and Trend 2, which represent the trends of denture utilization rates when the coinsurance rates are 30% and 10 % respectively. In the graph, we assume that both lines have positive trends period. The patient pays a co-payment for the production of his or her dentures, which is the most costly part of the process, at the last visit when he or she receives them. This procedure is presumably similar across Japan under the uniform medical fee scheme of the Japanese public health insurance system.
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Figure 2: Postponement and lag in denture utilization near the threshold because more people may wear dentures when they get older, at least until a certain age.
What we want to estimate with an RD design is a vertical gap between A and B (hereafter the gap AB), which reflects a difference in denture utilization rate at the age of 70 between individuals with a coinsurance rate of 30% and those with a rate of 10%. However, if denture utilization postponement exists, the observed denture utilization rate just before the threshold is B', instead of B. That is, some elderly individuals start to postpone getting dentures at a certain time before the threshold (V b in the graph) and the denture utilization rate diverges from Trend 1. On the other hand, if there is denture utilization lag, then the denture utilization rate just after the threshold is A' instead of A and then converges to Trend 2 at certain point in time (V a in the graph).
If either or both of these deviations exist for some people, the gap estimated by an RD design is either the gap A'B', AB', or A'B. Graphical investigation with Figure 1 shows that women's denture utilization rate (Figure 1 -C) appears to decrease just before the threshold, implying that an RD estimate may capture the gap AB'. On the other hand, the men's denture utilization rate (Figure 1-B) does not suggest such deviations around the threshold.
In order to explicitly address these potential biases in RD estimation, we implement the kind of "donut RD" that is proposed by Barreca et al. (2011) to take into account a so-called "heaping" problem and is also utilized in Shigeoka (2014a) to consider a similar problem of potential biases to that of this paper. In donut RD estimation, we drop observations around the threshold and extrapolate their counterfactual distributions without using these possibly noisy observations near the threshold. The donut RD may weaken the idea of local randomization around the threshold, but should serve as a good robustness check.
Ideally, we want to drop observations only between V b and V a , where deviations from the trends exist, and then extrapolate the counterfactual distributions between B" and B and between A and A" using observations outside of V b and V a . However, because we do not know the true values of V b and V a , we have to choose them rather arbitrarily. Finally, for the extrapolation of the counterfactual distributions we can still use the RD estimation model (1).
Results of donut-RD estimates for women are shown in Table 6 . Donut-RD estimates are presented with the bandwidth ±60 months, ±24 months and ±12 months where observations around the threshold are dropped from the sample by three criteria: within ±1 month, ±2 months and ±4 months. That is, we assume that V b and V a are either ±1, ±2 or ±4 months. Donut-RD estimates with bandwidth ±6 months are not shown because in this case the extrapolation of the counterfactual distributions of A-A" and B-B" has to rely on ranges of V i that are too narrow.
Comparison of our RD estimates and donut-RD estimates suggest that there is at least no systematic bias caused by non-random postponement or lag in denture utilization. The range of donut-RD estimates are around 0.1-0.4 in plausible specifications, which are similar to the range of the baseline RD estimates. A counterpart analysis with the whole sample is presented in Table E .1 in Appendix E, which also provides similar results.
Randomization tests
A randomization test with a difference-in-means estimate using an RD design requires the assumption of pure local randomization within the chosen bandwidths. Because the assignment variable, age in months, is presumably correlated with the need for dentures, our bandwidths need to be small enough that the age and the need for dentures can be assumed to be unrelated within these time periods. We therefore use the maximum ±6 months and the minimum ±1 month as bandwidths for the selection of observations. Table 7 shows the results of randomization tests for the sample of women. First, difference-in-means estimates are always positive and relatively high if the band- Notes: ***, **, and * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in a parenthesis. "Covariates" are the same as those listed in Table 4 .
width of ±1 month is used. Second, P-values with randomization tests are always below 0.05, implying that the difference-in-means estimates are significantly different from zero in all estimations at the 5% significance level. These results are consistent with the results of standard RD estimation in Section 4.2. Similar results are obtained when we use the whole sample of men and women, although difference-in-means estimates are smaller (Table E .2 in Appendix E). One concern is that the difference-in-means estimates with a bandwidth of ±1 month are about twice as large as the other estimates in Table 7 and Table E.2 respectively. This suggests that elderly women at the age of 69 and 11 months may postpone going to dentists until they reach the age of 70 and their denture utilization rate is therefore lower due to this postponement behavior. Differencein-means estimates are otherwise around 0.17-0.26 in Table 7 and about 0.09-0.l5 in Table E .2. 
Placebo randomization tests
In order to check the robustness of our results further, we also conduct placebo RD estimation using randomization inference. In these placebo randomization tests, we implement the same randomization tests with a difference-in-means estimate as above, but shift the threshold to a nearby age one month at a time. We would expect that randomization tests using placebo thresholds would yield larger p values than those in actual randomization tests, assuming small p values observed in the above randomization tests are not the consequence of violating the assumption of no correlation 
In order to check the robustness of our results further, we also conduct placebo RD estimation using randomization inference. In these placebo randomization tests, we implement the same randomization tests with a difference-in-means estimate as above, but shift the threshold to a nearby age one month at a time. We would expect that randomization tests using placebo thresholds would yield larger P-values than those in actual randomization tests, assuming small P-values observed in the above randomization tests are not the consequence of violating the assumption of no correlation between age in months and the demand for dentures within a short bandwidth. The results shown in Table 8 , which again examine the sample of women, demonstrate that our expectation is plausible. P-values with randomization tests and the bandwidth of ±1 month are smaller than 0.1 only when we use the real threshold of 840 (age 70) or the placebo threshold of 850 (age 70 and 10 months). We do not have a clear explanation of why the randomization-based P-value with the placebo threshold of 850 is lower than the others, but it may simply have occurred by chance because we implemented 25 placebo trials with different thresholds. Similar results are obtained by placebo randomization tests with the bandwidth of ±2 months. When it comes to the standard test, the p-value is less than 0.05 only when the real threshold is used and otherwise always larger than 0.1. See also similar results with the whole sample in Table E .3 in Appendix E.
Our placebo trials suggest that it is unlikely that we just accidentally obtain a difference-in-means estimate that is significantly different from zero at the threshold of 840 (age 70). It is also hard to believe that this result is the artifact of positive correlation between age in months and demand for dentures within a bandwidth of ±1 month or ±2 months because other placebo estimates would be significantly different from zero if this were the case.
Effect on subjective chewing ability
To reveal the costs and benefits of cost sharing for denture utilization, we have to explore both the benefits that the policy brings to patients and increase in healthcare costs. In the case of dentures, the primary objective of wearing dentures is to improve chewing ability. We thus run the same RD regression with the subjective chewing ability as an outcome variable. Fortunately, JSTAR contains a question Notes: We do not estimate and test difference-in-means estimates with a placebo threshold of 839 or 841 when the bandwidth is ±2 months because in these cases the real threshold of age 70 is included within these bandwidths, which would make the "placebo" threshold a partly "real" threshold.
on chewing ability with a 5-grade self-reported measure, "How solid are the foods you can eat with dentures if you wear them and without dentures if you are not someone who wears dentures?". In response to this question, respondents are asked to select one of the following five answers: "A1. I can chew and eat everything I want to", "A2. Some things are difficult to chew, but I can eat most foods", "A3. I can't chew very well, so the foods I can eat are restricted", "A4. I can hardly chew at all" and "A5. I can't chew at all, and consume only liquid foods". We then create a binary variable that takes one if the response is A1 and zero if it is any of the other choices. This variable is to measure the impact of patient cost sharing on unrestricted chewing ability. In addition, to evaluate the impact on restricted chewing ability we also create a binary variable that takes one if the response is either A3, A4, or A5 and otherwise zero. Graphical representations are provided in Figure 3 and estimation results are summarized in Table 9 for the sample of women. Figure 3 indicates no jump at the threshold for both outcome variables, suggesting that the reduction of cost sharing has no effect on both unrestricted and restricted chewing ability. Table 9 also presents no statistically significant improvement in chewing ability at the threshold regardless of model specification and bandwidth selection. Table E .4 in Appendix E shows similar results for the whole sample.
These results might cast some doubt on the effectiveness of publicly insured dentures for improving the chewing ability of elderly people. However, the reason we do not find a significant impact could also be due to the imprecise measurement of subjective chewing ability in the dataset of JSTAR. For this reason, we have to evaluate the impact on chewing ability with more accurate measures. In addition, an improvement in chewing ability is only part of the expected benefits of wearing dentures. If an improvement in appearance, facial expression or pronunciation due to newly attached dentures is of great importance to the individual's psychological well-being, it may compensate for the increased healthcare costs brought on by the jump in the utilization rate even without any substantial improvement in chewing ability.
Concluding remarks
Despite the recent accumulation of studies on the impact of health insurance coverage on healthcare utilization and health, the effects of patient cost sharing on medical and dental utilization and outcomes have not been sufficiently studied. This paper examined how the denture utilization among the Japanese elderly population responds to cost sharing, employing a regression discontinuity design that exploited a sharp reduction of the coinsurance rate from 30% to 10% at the age of 70 years. Given that the two important health insurance experiments (RAND HIE and Oregon HIE) did not cover dental care for the elderly, these results from a quasi-experiment on denture usage, which is the most common dental treatment utilized by the elderly, are of particular importance.
The estimated extensive margin elasticity of denture utilization is approximately Figure 3 : Bin-mean plots of the probability in subjective chewing ability (women)
evaluate the impact on chewing ability with more accurate measures. In addition, an improvement in chewing ability is only part of the expected benefits of wearing dentures. If an improvement in facial expression or verbal expression due to newly attached dentures is of great importance to the individual's psychological well-being, it may compensate for the increased health care costs brought on by the jump in the utilization rate even without any substantial improvement in chewing ability. Notes: These figures show the means of the probability of having unrestricted (or good) chewing ability (figure A) and restricted (or poor) chewing ability (figure B) at the time of the survey and their smoothers with locally weighted scatterplot smoothing (lowess in Stata 13 is used with a default setting). Age is collapsed into quarters The bandwidth of a bin mean is age in quarters.
-0.41, which is twice as large as that presented in Shigeoka (2014a) who examined the intensive margin elasticity of outpatient healthcare utilization in Japan with an experimental design similar to ours, suggesting the demand for dentures is more sensitive to cost sharing than other outpatient healthcare services. In addition, we find that the sensitivity to cost sharing varies across individual characteristics, showing a significant increase in denture usage only among women. Despite the dramatic increase in denture usage just after an individual's 70th birthday as a whole, however, we find no improvement in subjective chewing ability, which is one of the main objectives of wearing dentures. Indeed, the self-reported measure of chewing ability is completely smooth around age 70, without any discontinuous changes. It may be that no improvement in subjective chewing ability is observed because the elderly individuals who decide to purchase dentures just after reaching the age of 70 tend to wear dentures to improve facial expression and pronunciation, rather than to improve chewing ability.
Ultimately, if we believe that the only social benefit from dentures is chewing ability, and that subjectively measured chewing ability in JSTAR correctly reflects actual chewing ability, then the social cost of reduced cost sharing for dentures at age 70 may exceed its social benefit because little benefit is observed while the cost increases. However, we should also emphasize that the sensitivity to patient cost Notes: ***, **, * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in parentheses. "Covariates" are the same ones as in Table 3 .
The estimated extensive margin elasticity of denture utilization is approximately -0.41, which is twice as large as that presented in Shigeoka (2014a) who examined the intensive margin elasticity of outpatient health care utilization in Japan with an experimental design similar to ours, suggesting the demand for dentures is more sensitive to cost sharing than other outpatient healthcare services.
In addition, we find that the sensitivity to cost sharing varis across individual characteristics, showing a significant increase in denture usage only among women. Despite the dramatic increase in denture usage just after an individual's 70 th birthday as a whole, however, we find no improvement in chewing ability, which is one of the main objectives of wearing dentures. Indeed, the self-reported 
Polynomial order
Notes: ***, **, and * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in parentheses. "Covariates" are the same as in Table 3 .
sharing is substantially heterogeneous and the improvement of chewing ability is not the sole objective of wearing dentures. More systematic evaluations of chewing ability and other outcomes are required in future studies. Notes: ***, **, and * denote significance at the 1%, 5%, and 10% level respectively.
C Smoothness of pre-determined covariates Notes: ***, **, and * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in a parenthesis. Note that some covairates are automatically dropped in some RD estimations due to multicolinearlity. 
Gender and bandwidth
Notes: ***, **, and * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in parentheses.
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E Additional robustness checks with the whole sample Notes: ***, **, and * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in parentheses. Notes: ***, **, * denote significance at the 1%, 5%, and 10% level respectively. A robust standard error clustered by age in months is presented in parentheses. Notes: We do not estimate and test difference-in-means estimates with a placebo threshold of 839 or 841 when the bandwidth is ±2 months because in these cases the real threshold of age 70 is included within these bandwidths, which would make the "placebo" threshold a partly "real" threshold. 
Restricted Chewing Ability
